Abstract-Impedance control is one of the most effective methods for controlling the interaction between a manipulator and a task environment. In conventional impedance control methods, however, the manipulator cannot be controlled until the end-effector contacts task environments. A noncontact impedance control method has been proposed to resolve such a problem. This method on only can regulate the end-point impedance, but also the virtual impedance that works between the manipulator and the environment by using visual information. This paper proposes a learning method using neural networks to regulate the virtual impedance parameters according to a given task. The validity of the proposed method was verified through computer simulations and experiments with a multijoint robotic manipulator.
I. INTRODUCTION
A human can perform a variety of contact tasks in daily activities while regulating his/her own dynamic properties according to time-varying environmental conditions. In the ball-catching task, for example, a player should take action for catching the ball before contacting with the approaching ball. If action is not taken, it would be too late to prepare for the task and the player would fail to catch the ball. Besides, the human player has to regulate dynamic properties of his arm according to ball velocity as well as its physical properties, i.e., the player should make his arm compliant before catching a ball and move his hand to a suitable catching point as smooth as possible. He should also stiffen his arm to cope with the impact force in the moment of catching.
To realize such human skillful strategies for dynamic tasks by a robot, it is naturally required to change dynamic characteristics of the robot according to time-varying circumstances during a target task. The main purpose of this paper is to bring such human skillful strategies for dynamic tasks into robot motion control in the framework of the impedance control.
Impedance control [1] , [2] is one of the most important methods of controlling the interaction between a manipulator and an environment. This method can regulate response properties of the manipulator to external disturbances by modifying the mechanical impedance parameters; i.e., inertia, viscosity, and stiffness. However, since no external force is exerted until the end-effector contacts task environments, the conventional method is not applicable in situations where the manipulator must reduce the end-effector velocity before it contacts the object.
To cope with such problems of the conventional method, some studies have employed visual information of the task space in impedance control of robot manipulators [3] - [5] . Castano and Hutchinson [3] proposed a concept of visual compliance using vision-based control. However, their proposal does not discuss regulating Manuscript the value of visual compliance of the end-effector. Tsuji et al. [4] and Nakabo et al. [5] proposed a virtual impedance concept using visual information. In particular, Tsuji et al. have developed a noncontact impedance control method [4] , where the virtual impedance is defined between the end-effector and the object when the object enters a virtual sphere established around the tip of the manipulator. Therefore, a virtual force for controlling the end-effector motion can be generated before the end-effector contacts the object by using local visual information inside the virtual sphere. This method can also regulate dynamic properties of the end-effector by the virtual impedance parameters according to tasks in the same way as the conventional impedance method. In these methods based on visual information, however, it is extremely difficult to regulate the virtual impedance parameters according to the time-varying characteristics of moving objects and task environments. For such an awkward problem, the learning technique using a neural network (NN) is applied in this study to design the desired impedance parameters.
There have been numerous studies on force and hybrid control and impedance control using NNs [6] - [17] . However, most of these methods aim to realize the desired impedance parameters, given in advance, through learning of NNs in consideration of the model uncertainties of manipulator dynamics and task environments, and the external disturbances. In contrast, some methods using NNs try to find the desired impedance according to tasks and environmental conditions [18] - [23] . For example, Yang and Asada [20] proposed a progressive learning method using NNs that can obtain the target impedance parameters by modifying the desired velocity trajectory. However, it does not clearly discuss how to regulate the operational velocity during learning of the NNs. Also, many iterative trials (200-300 times) are required to complete the learning. Tsuji et al. [21] - [23] thus proposed iterative learning methods using NNs that can regulate all impedance parameters as well as a desired end-point trajectory at the same time. These methods by Tsuji et al. can provide a smooth transition of the end-effector from free to contact movements, but cannot be applied to noncontact tasks in which the manipulator may not touch its environment. In addition, its application is limited to only cyclical tasks because the learning is performed in offline.
In this paper, we propose an online learning method using NNs for regulating the virtual impedance parameters in the noncontact impedance control by expanding the previous methods [21] - [23] . The present method can design the desired virtual impedance through learning of NNs with an energy function depending on a given task, and can also adapt the relative velocity during free movements and the interaction force during contact movements. This paper is organized as follows. First, the noncontact impedance control method is explained in Section II. The proposed online learning method is described in detail in Section III. In Section IV, validity of the proposed method is investigated through a series of computer simulation and experiments with a real robot in a ball-catching task by the proposed online learning method.
II. NON-CONTACT IMPEDANCE CONTROL

A. Impedance Control
In general, a motion equation of an m-joint manipulator in the l-dimensional task space can be written as F int 2 < l is the external force exerted on the end-effector; and J() 2 < l2m is the Jacobian matrix (hereafter, denoted by J ).
The desired impedance properties of the end-effector can be expressed as
where M e ; B e ; K e 2 < l2l are the desired inertia, viscosity and stiffness matrices of the end-effector, respectively; and dX = Xe 0 X d 2 < l is the displacement vector between the current position of the endeffector X e and the desired one X d . The impedance control law does not use an inverse of the Jacobian matrix and is given [2] as follows:
where M Impedance properties of the end-effector can be regulated by the designed controller in (3). 
B. Non-Contact Impedance Control
When the object is in the virtual sphere (jX r j < r), the virtual impedance works between the end-effector and the object so that the virtual external force F o 2 < l is exerted on the end-effector by
where Mo; Bo, and Ko 2 < l2l represent the virtual inertia, viscosity and stiffness matrices. It should be noted that F o becomes zero when the object is outside the virtual sphere or at the center of the sphere. Thus, the dynamic equation of the end-effector for noncontact impedance control can be expressed with (2) as Substituting (8) into (9), the motion equation of the end-effector for the external forces depending on the object position X o and the desired end-effector position X d yields 
assuming that the matrix M 01 K is a positive definite one.
Time-derivation of the Lyapunov function is then derived by using (10) as follows:
Therefore, the proposed control system is stable as far as M 01 K and M 01 B are positive definite, and this condition is equivalent to that M; B; K are positive definite matrices. It should be noted that the virtual impedance parameters can take negative values within the derived stable condition. Fig. 2 depicts a block diagram of the noncontact impedance control. In the noncontact impedance control, the relative motion between the end-effector and the object can be regulated by the virtual impedance parameters during noncontact movements. In addition, the end-effector impedance can be modified according to the target task in the same way as in the conventional method. The main purpose of this paper is to develop an online learning method using NNs for regulating the virtual impedance parameters Mo; Bo; Ko according to a target task including contacts with environments under the stable conditions.
III. LEARNING OF VIRTUAL IMPEDANCE BY NNS
A. Structure of Control System
In the proposed control system, the virtual impedance part in Fig. 2 is composed of three multilayered NNs as shown in Fig. 3 : a virtual stiffness network (VSN) at K o , a virtual viscosity network (VVN) at B o , and a virtual inertia network (VIN) at M o . The detailed structure (24) where C (C = S; V; I) is the learning rate of each NN, F act (t) is the control input, and OC(t) 2 R l2l is the NN output; i.e., Ko; Bo; Mo.
B. Learning of NN
The term (@Fact(t))=(@OC(t)) can be computed from Fig. 2 and (8), and (@O C (t))=(@w (C) ij ) can be obtained by the error back-propagation learning method. However, the term (@E(t))=(@Fact(t)) cannot be computed directly because of the nonlinear dynamics of the manipulator. In the online method, the term (@E(t))=(@F act (t)) is approximated in the discrete-time system so that 1w (C) ij can be calculated in real time by using the change of E(t) for a slight variation of Fact(t).
Defining the energy function E(t) depending on end-point position and velocity, X e (t) and _ X e (t), the term (@E(t))=(@F act (t)) can be expanded from Fig. 2 as
Applying the nonlinear compensation technique with
to the nonlinear equation of motion given in (1), the following linear dynamics in the operational task space can be derived as X = F act :
The slight change of control input 1F act (t) within short time yields the following approximations:
1X e (t) 1F act (t)1t 2 s
1 _ Xe(t) 1Fact(t)1ts (29) so that (@X(t))=(@Fact(t)) and (@ _ X(t))=(@Fact(t)) can be expressed [23] 
With the designed learning rules in (19)-(32), an online learning can be performed so that the output of NNs, OC(t), will be regulated to the optimal virtual impedance parameters for tasks.
IV. APPLICATION TO CONTACT TASKS
Many researchers have discussed and analyzed theoretical conditions for the control parameters and stabilities in contact tasks by the manipulator [24] , [25] . In contrast, this paper investigates the effectiveness of the proposed online learning method using NNs for regulating the virtual impedance according to contact tasks of the manipulator.
An example of contact tasks is a catching task in which a manipulator contacts an approaching object by the end-effector and tries to make the relative movements as smooth as possible. Computer simulations and experiments with a real robot were conducted by means of the proposed online learning method.
A. Energy Function for Catching Task
In contact tasks by a robotic manipulator, the interaction force between the end-effector and its environment should converge to the desired value without overshooting to avoid exerting a large interaction force on the manipulator and the environment. To this end, the relative velocity between the end-effector and the environment should be reduced before contact, and the end-point force after contact with the environment should be controlled. Accordingly, an energy function for the learning of NNs can be defined as
where t i is the time when the virtual sphere just contacts the environment; and (X r ) is the time-varying gain function that should be designed according to contact tasks so as to avoid generating an excessive interaction force while performing the stable learning of NNs immediately after the environment enters the virtual sphere. The terms Ev(t) and E f (t) in (33) evaluate the relative velocity and the force error. The NNs utilized in the computer experiments were four-layered networks with four input units, two hidden layers with ten units, and one The term (@E(t))=(@Fact(t)) in (22), (23) , and (24) was calculated online by using the energy functions in (33)-(35) based on the approximation techniques given in (30), (31) as follows:
B. Computer Simulations
In the ball-catching task, the end-effector should move with the same direction as the approaching direction of the ball at the first phase and then slow down gradually in order to catch the ball. Consequently the gain function (Xr) in (34) was designed as shown in Fig. 6 by
In the simulation experiments, the virtual force exerted on the end- (solid line) and the ball (broken line) while the figure (b) describes the time history of the interaction force. Fig. 8 shows that the endeffector takes avoidance actions before contacting with the approaching ball. Consequently, the manipulator catches the ball smoothly, and it's end-effector force after catching the ball is almost equal to the desired interaction force. Fig. 9 shows the time histories of the virtual impedance parameters K o ; B o , and M o during the catching-a-ball task. Both of K o and B o increase just after the ball enters the virtual sphere, so that the manipulator can reduce the impact force by shifting the end-effector in the opposite direction of the approaching ball. On the other hand, M o increases during free movements to control the end-effector with stable movements, and then reduces after contacting with the ball to reduce the interaction force. It can be seen that the proposed learning method can regulate the virtual impedance parameters effectively according to situations in the target task. It should be noted that the stable conditions are fulfilled in all cases: both M 01 K and M 01 B are positive definite.
C. Experiments With the Robotic Manipulator
To show the effectiveness of the proposed method, we performed catching-task experiments with a six-DOF multijoint robotic manipulator (MoveMaster RM-501: Mitsubishi Electric, Corp.) as shown in Fig. 10 . A load cell (Kyowa Co., Ltd.) is attached at the end-effector of the manipulator to measure the contact force (see Fig. 11 real-time learning. tc indicates the time when the object comes into the virtual sphere. It can be seen that the manipulator moves its end-effector according to the ball movements after the learning of NNs, so that the robot cathes the ball smoothly by reducing the impact force between the hand and the ball.
The time course of the virtual impedance parameters along the x-axis during the online learning is displayed in Fig. 13 . Since the manipulator had to avoid generating a large impact force by shifting the end-effector toward the opposite direction of the approaching ball, all of virtual impedance parameters, K o . The experimental result shows that the robot did perform a ball-catching task by regulating virtual viscosity B x o actively on the basis of the energy function Ev (t). 
V. CONCLUSION
The present paper has proposed an online learning method using NNs to regulate the virtual impedance parameters in the noncontact impedance control of manipulators. The proposed method can obtain the desired virtual impedance by minimizing an energy function according to the given task through the learning of NNs. Experimental results with the multi-joint robotic manipulator have proven that the proposed method can design the desired virtual impedance for the end-effector to realize the target end-point force without exerting an excessive interaction force on its environment.
Because the proposed learning method adopts a back propagation learning approach, it can obtain the desired virtual impedance parameters that may minimize the energy function even if some impedance parameters are fixed in the learning. In other words, it does not always need to optimize all virtual impedance parameters to perform the given task. For instance, the stiffness and viscosity can be regulated under the fixed inertia parameter by the learning.
Although the present paper has focused on regulating virtual impedance parameters, the end-effector should be controlled by the conventional impedance method that regulates the end-point impedance during contact movements. Future research will be directed to analyze the stability and convergence of the proposed control system during the learning, and to develop more appropriate structure of NNs for improving learning efficiency. We also plan to develop an online learning method of the virtual impedance in parallel with the end-effector impedance at the same time.
